INTRODUCTION
values over 46,000 ppb in both irrigation regimes. Arsenic was the element with the lowest 184 relative average concentration of only 10.58 and 10.53 ppb for WL and WW conditions, 185 respectively, and Co was the second least abundant element with averages of 12.09 and 12.12 186 ppb for WL and WW regimes, respectively. Both positive and negative transgressive segregation 187 was observed for most elements in the RIL population. 188 We estimated broad-sense heritabilities for the elements to determine the extent to which 189 phenotypic variation was attributable to genetic variation in the RIL population. Heritability 190 values were moderate to high, ranging from a minimum of 0.32 (Zn, WW conditions, Figure 2 ) 191 to a maximum of 0.92 (Cu, WL conditions). With the exception of the low estimate for Zn under 192 WW conditions, heritabilities were all greater than 0.60. With regard to the heritability estimates 193 between irrigation regimes, there were no significant differences (two-sided t-test, P > 0.05). The 194 ANOVA also revealed that the variance due to year effects was large for most elements (> 40% 195 for As, Co, K, Mg, Mn, P, Rb, and S) and that the variances associated with the second-and Supplemental Table 5 ). 204 Phenotypic correlations were, on average, positive with the exception of As, which was 205 negatively correlated with all other elements ( Figure 3 ). The most highly correlated elements, 206 Ca, Cu, Fe, Ni, Mg, Mn, P, and Zn, were grouped together at the center of the network, while 207 micronutrients were mostly on the perimeter (Figure 3 ). Interestingly, K was one of the least 208 correlated elements despite being a macronutrient. It was primarily correlated with Rb, the only 209 other monovalent cation profiled, suggesting that chemical similarities among the elements are 210 responsible for their relatedness. The genotypic correlations estimated for the TM-1×NM24016 211 RIL population closely followed the pattern observed for the phenotypic correlations with 212 respect to strength and pairings (Figure 3 , Supplemental Table 6 ).
213
QTL mapping 214 The mapping of QTL utilizing a Bayesian classification method detected a total of 38 215 QTL that mapped to 15 chromosomes and 21 unique genomic locations (Figure 4 , Supplemental 216 Table 7 ). Concerning the two irrigation regimes, 16 and 22 QTL were detected under WL and 217 WW conditions, respectively. Only four QTL, qCu.A07.28.00, qMg.A12.45.21, qNi.D12.116.00, 218 and qP.A05.74.05, were detected for both irrigation regimes. The number of QTL found per 219 element varied from one (Mo) to five (Mg & Rb). There were a total of five genomic regions, 220 located on chromosomes A05, A06, A12, D01, and D12, to which two or more QTL mapped 221 with all but A12 having ion pairs (Ca/Mg, Fe/Zn, Cu/Ni, and Fe/Ni, respectively) with similar 222 biochemical properties. Several QTL mapped to chromosome A05, linkage group 74, including 223 for Fe, Mg, Ni, P, and Zn, indicating that this genomic region has a significant impact on the 224 cotton seed ionome. 225 We also implemented a more statistically powerful multi-trait mapping approach (a 226 multivariate analysis) to reveal loci controlling phenotypic variation for elements with similar 227 properties. Elements were first grouped based on their biochemical function creating two groups 228 of elements: "ionic" and "redox." Both of these groups were then analyzed using the method of Supplemental Table 8 ). Nearly an 232 equal number of QTL were detected for each irrigation regime, with 23 and 22 QTL found for 233 the WL and WW irrigation regimes, respectively. In contrast to the Bayesian mapping approach, 234 which only detected four QTL for both irrigation regimes, the multi-trait analysis detected 14.
flanking markers. The Bayesian classification-detected QTL for potassium on A09, 246 qK.A09.33.00, defined a 1.9 Mb interval containing a gene involved in metal ion transport 247 (UniProt ID B9IFR1).
248
Prediction of irrigation regime 249 We conducted a principal component analysis (PCA) on best linear unbiased estimators 250 (BLUEs) for all 14 elements for each of the individual years and found that the first two PCs 251 accounted for almost half of the total elemental variance, 47.3%. The analysis revealed a distinct 252 separation between the two irrigation regimes with PC 2 on the y-axis largely separating the WL 253 and WW into two groups and explaining 14.1% of the total variance ( Figure 5A ). These results 254 suggested that the seed ionome could be predictive of abiotic stress. To test this hypothesis, five 255 supervised machine learning approaches, logistic regression, linear discriminate analysis (LDA), 256 quadratic discriminate analysis (QDA), k-nearest neighbors (KNN), and support vector machines 257 (SVM), were used to determine the irrigation regime within which a RIL was grown. To help 258 control for non-reproducible environmental effects, the elemental BLUEs for the individual years 259 were first centered and scaled within respective years prior to their use in the five models.
260
Extremely high prediction accuracies were obtained for all five methods, but SVM achieved the 261 highest average prediction accuracy across the three years at 97.7% ( Figure 5B ) and a maximum 262 accuracy of 98.5% for 2011. The KNN method produced the lowest average prediction accuracy 263 of 92.5%, which was observed in 2010 and 2011. The remaining three methods, LDA, logistic 264 regression, and QDA, had an across-year-and-irrigation regime average of ~94%.
265

DISCUSSION
266
Over the last decade, ionomics has been established as a powerful tool for both examining the 
271
These studies have led to valuable knowledge on the genetic control of element accumulation in 272 plants, but have also offered limited insight into how the ionome interacts with the environment.
273
To address these information gaps in ionomics research, we evaluated a cotton RIL mapping 274 population under contrasting irrigation regimes to assess the effects of high temperature and 275 water deficit on the ionome. The elemental profiles of the localized soil environment were also 276 analyzed so that these results could be incorporated into the analysis of the cotton seed ionome.
277
Further expanding on this work, the elemental concentration data was utilized for prediction of 278 abiotic stress, as defined by WL or WW irrigation regimes, to investigate how accurately the 279 ionome predicts the physiological status of the plant.
280
The heterogeneous nature of the soil environment can impact phenotypic variation of 281 most quantitative traits and influence growth characteristics like root density, biomass allocation, Table 4 ), under other more varied 288 environments the associations may be stronger and more numerous among the elements. Without 
296
The irrigation regimes imposed in this experiment provided the ability to evaluate how 297 the cotton seed ionome responds to abiotic stress, specifically high temperature and water deficit. the correlation values and patterns between the two irrigation regimes was somewhat surprising 321 ( Figure 3 ). Initially, we hypothesized that differences in available soil moisture would impact the 322 relationship among the individual elements. To evaluate if this association was due to 323 environment or genetics, we assessed the genetic correlation among the elements using a 324 multivariate restricted maximum likelihood approach, an analysis not previously used in ionomic 325 studies. The results of these analyses mirrored those obtained for the phenotypic correlations, 326 namely that the strength and relationship among genotypic correlations were highly similar 327 across the two irrigation regimes. In both sets of correlations, the majority of macronutrients 328 clustered in the center of the correlation network graphs, along with those elements involved in an ideal situation given the precisely controlled water deficit stress and single field site, the 334 consistent trends in correlation, both phenotypic and genotypic, support the supposition that the 335 cotton ionome is a highly interrelated system. 
357
With these considerations in mind, a multi-trait (multivariate) mapping approach was 358 taken to exploit the relationships among the elements to improve the ability to detect QTL 359 controlling the accumulation of multiple elements within the cotton seed. Seeming unrelated 360 regression (SUR, Zellner (1962)) was implemented so that elements with similar characteristics 361 could be grouped together and treated as one phenotype. The colocalizing QTL from the 362 Bayesian analysis corroborated the division of elements into "ionic" and "redox" groups posited 363 in the literature (Mengel and Kirkby, 2012) and further supported the use of a multi-trait 364 analysis. By analyzing like elements in aggregate and accounting for the correlation among 365 them, statistical power to detect QTL was increased. This improved power led to more consistent 366 detection of QTL with respect to irrigation regime; 14 QTL were identified in both WL and WW 367 conditions compared to four QTL found in the Bayesian analysis. These results are more 368 congruent with what the genetic correlations revealed, largely that relationships among elements 369 are stable despite the perturbations by abiotic stress. Additionally, the multi-trait analysis 370 detected 10 QTL whose Bayes factors were below the significance threshold in the Bayesian 371 analysis, and thus missed, further highlighting why previous genetic mapping studies not 372 utilizing a multi-trait analysis likely missed identifying important loci. Although the two 373 mapping approaches rely on two distinctly different branches of statistics, Bayesian and 374 frequentist methods, there was agreement between the two; a total of 18 QTL were concordant 375 between methods providing further support for the mutually identified QTL (Figure 4 ). Also, 376 elements with co-located QTL had similar ionic charges, suggesting that the genetic factors 377 underlying these QTL are not element-specific but instead dependent on chemical properties like 378 those used by cellular ion transporters for ion selectivity (Tester, 1990) . with a focus on the impact of water deficit. Our results provide further evidence that the ionome 403 is a complex, interrelated biosystem that is largely under shared genetic control, and as such, it 404 responds as an integrated unit to abiotic stress as evident by the stable relationship among 405 phenotypic and genotypic correlations despite the contrasting irrigation treatments. Because of 406 the interrelatedness among the ionomic traits, a genetic mapping approach that capitalizes on 407 these relationships was used to detect loci that influence the composition of the various elements 408 in plant seed. To further extend these findings and concepts, the ionome was found to have a 409 remarkably high predictive accuracy for irrigation regime status that accurately reflected the 410 physiological status of the plant. Although this was a two-category classification problem of 411 water-stressed versus non-water stress, it yet reflects the ability of these types of data to describe Irrigations to the WW plots were applied to refill the root zone water content to field 450 capacity when approximately 35% of the available soil water had been depleted. Starting mid-451 July, the WL plots received one half of the irrigation amounts applied to the WW plots. The WL 452 irrigation regime was imposed when more than 50% of the plots were at first flower to minimize 453 the interaction of phenology and soil moisture deficit. The weekly soil water content 454 measurements for the WW treatment were used to monitor the actual soil water depletion and 455 adjust the modeled soil-water-balance depletion when needed. procedure selected optimal parameters. The optimized models for each element were then used 560 to conduct block kriging whereby element concentrations were predicted at the plot level for 561 each georeferenced plot across the experimental field site for the three years.
562
Seed Ionomic Data Analysis
563
The processing of the seed ionomic data was similar to that of the soil ionomic data. year)in is the interaction effect between the nth genotype and the ith year; (genotype × irg)jn is the 582 interaction effect between the nth genotype and the jth irrigation regime; and εijklmn is the random 583 error term following a normal distribution with mean 0 and variance σ 2 . The two covariates, BLUEs measured for the same genotype.
628
The formula for estimating genotypic correlations was as follows:
where ̂ is the estimated genotypic covariance between traits i and j, ̂ is the estimated 632 genotypic standard deviation of trait i and ̂ is the estimated genotypic standard deviation of 633 trait j. 634 The formula for estimating phenotypic correlations was as follows: 
650
QTL mapping with Bayesian classification method 651 We employed a Bayesian classification method to implement a multi-marker mapping The BLUEs for each of the profiled elements were standardized to have zero mean and a 676 standard deviation of one before fitting the above model (Equation 7) to the data; this was done 677 independently within each irrigation regime. In all analyses, the first 5,000 iterations were 678 j  discarded as burn-in period and the following 5,000 iterations were used for 679 inference/estimation. Model convergence was confirmed by the diagnostic tools presented in 680 Cowles and Carlin (1996) . For each parameter of interest, we estimated its magnitude and 681 direction, as well as the posterior probabilities of being greater or less than zero. These posterior 682 probabilities were used to calculate the Bayes factor as defined by Jeffreys (1935); Jeffreys 683 (1961). As advised by Jeffreys (1961), a Bayes factor between 10 and 100 provides "strong 684 evidence" and large than 100 means "decisive evidence."
685
Seemingly unrelated regression analysis 686 We implemented seemingly unrelated regression (SUR), a multi-trait (multivariate) 687 analysis, to identify QTL controlling phenotypic variation in multiple elemental concentrations.
688
As a generalization of linear regression models with multiple responses, SUR was first proposed 689 by Zellner more than half a century ago (Zellner, 1962) and has been successfully applied to where Yij denotes the concentration of the j th element of the i th RIL within the elemental 702 groupings, 0 represents the regression intercept, is the regression coefficient for the 703 predictor which denotes the genotype of the kth marker of the i th RIL, and  is the error term 704 that follows N(0, 2 ) and cov(εij, εlk). Such potential correlation structure among elements make 705 the SUR model more statistically powerful than linear regression models with a single element.
706
Note that for different RILs when i ≠ l, the term σjk is equal to zero. The data for each element 707 were standardized to have mean zero and a standard deviation of one prior to the analysis, 708 allowing regression coefficient estimates and their associated 95% confidence intervals for each 709 element within a group to be comparable.
710
Nomenclature of QTL were defined by combining the elemental name, chromosome 711 assignment, linkage group, and peak marker position of the identified QTL with names 712 preference with "q" to denote QTL. To declare QTL as mapping to the same location, we used a 713 10 cM window to be consistent with previous studies of this population (Pauli et al., 2016a).
714
Prediction of Irrigation Regime
715
We used the elemental concentration BLUEs generated for individual years to predict 716 whether genotypes were grown under WL or WW conditions in the three years this study was 
